I. INTRODUCTION
After more than a decade of empirical work on the first generation endogenous growth theories, it has become widely accepted that the scale effect prediction of these models are not consistent with the growth patterns of world economies.
1 Motivated by these empirical studies, Young (1998), Aghion and Howitt (1998) and Dinopoulos and Thompson (2000) have developed the non-scale endogenous growth theories that remove the scale effect while retaining the long-term growth prediction of endogenous growth models. 2 There have been numerous micro level analyses that confirm the 1 The first generation endogenous growth models of Romer (1986; , Grossman and Helpman (1991) and Aghion and Howitt (1992) , R/GH/AH hereinafter, have pioneered the endogenous growth literature by placing the endogenous technological change at the centre of growth theories to explain the long-term growth rate of output. The central assumptions of the R/GH/AH model are that technological innovation is determined by the knowledge stock and human capital engaged in R&D, and it has unit elasticity in terms of both inputs. However, the assumption of these models that innovation has unit elasticity in terms of human capital in the R&D sector leads to the scale effect prediction that long term growth rate of output is determined by the level of population. This prediction has been rejected by Jones (1995b) , who found that there was no relationship between TFP and the number of scientists and engineers in France, Germany, Japan and the U.S. 2 The second generation non-scale endogenous growth models of Young (1998), Aghion and Howitt (1998) and Dinopoulos and Thompson (2000) , Y/AH/DT hereinafter, remove the scale effect by replacing the human capital variable in the innovation function of R/GH/AH with the ratio of human capital to total labour force, or with the GDP share of R&D investment (R&D intensity). They argue that, as the numbers of new products and sectors increase over time, the R&D investment has to increase just to keep the innovation rate constant for each sector. Thus, they suggest that the fraction of F o r P e e r R e v i e w 3 predictions of the non-scale endogenous growth theories for the U.S. economy, such as Griliches (1986) , Jaffe (1988) , Aghion and Howitt (1998) and Zachariadis (2003) .
Recent sector level cross-country analyses also support these models, Griffith, Redding and Reenen (2004) and Meliciani (2000) . However, the macro level analyses of the non-scale endogenous growth models are limited to a few studies that cover only a small number of OECD countries. For example, Zachariadis (2004 ), Frantzen (2000 and Gong, Greiner, and Semmler (2004) examine the relationship between total factor productivity (TFP) and R&D intensity using data from OECD countries and find a positive relationship between these variables.
The present study differs from the existing empirical analyses in that it employs macro level patent and R&D data for 26 OECD and 15 non-OECD countries to examine the non-scale endogenous growth theories. In particular, we look at the following predictions of these models: an increase in the share of researchers in labour force increases innovation, and innovation raises per capita output. In addition to the main variables of the non-scale endogenous growth models, we also include in our analysis international knowledge spillovers, overall human capital capacity of countries and the U.S. trade share of GDP. As indicated by Coe, Helpman and Hoffmaister (1995) , Lichtenberg and Potterie (1998) and Savvides and Zachariadis (2003) , international knowledge spillovers are an important determinant of the TFP and output growth.
These studies show that the more open the countries are to trade, the more likely it is R&D in the total economy should be used to test the R&D models rather than the absolute value of R&D investment, or the absolute number of scientists and engineers.
F o r P e e r R e v i e w 4 that they will benefit from foreign R&D. We also incorporate the U.S. trade share of GDP into our analysis to capture the effect of knowledge spillovers from the U.S. on innovation, and to control for the effect of economic alliance with the U.S. on patent applications made in the U.S.
The findings of our analysis suggest that an increase in the fraction of researchers in labour increases innovation only in the large market OECD countries that include the G7. In addition, innovation raises per labour GDP in the high income OECD countries only, while raising it in all non-OECD countries except for the low income countries.
Moreover, the impact of international knowledge spillovers on innovation seems to be significant only in the large market OECD countries, while the effect of openness to trade on per labour GDP is positive in the majority of the OECD and non-OECD countries.
This study extends the earlier research program in several dimensions. Firstly, it employs aggregate patent data as well as R&D data to examine the non-scale endogenous growth theories. Although patent data have been widely used in the micro level studies, to the best of our knowledge, only Porter and Stern (2000) employ aggregate patent and R&D data to examine the endogenous growth theories. 3 Our 3 Porter and Stern (2000) employ data on patents and the number of scientists and engineers for 16 OECD countries to estimate the knowledge and output production functions using OLS and fixed effects regression techniques. Their findings show that both knowledge stock and the number of scientists and engineers increase the ideas production function, and that there is a positive relationship F o r P e e r R e v i e w 5 study differs from Porter and Stern (2000) in that it is based on the non-scale endogenous growth models and it uses patent flows instead of patent stock in the estimation of the production function, as the former is shown to be a better proxy for innovation, Kortum (1993) . Secondly, different from the previous literature that mainly employs data from OECD countries, this analysis covers 26 OECD and 15 non-OECD countries. This allows us to compare the results across developed and developing countries. Finally, we employ both the fixed effects and generalized methods of moments (GMM) dynamic panel data analyses to increase the robustness of our findings.
The remainder of the paper is organised as follows: the next section introduces the model, section three describes the data, section four presents the empirical analysis and results and section five concludes.
II. MODEL
The first generation endogenous growth theories (R/GH/AH) consist of three sectors:
R&D, intermediate goods and final goods sectors. The R&D sector produces new designs using knowledge stock and human capital. It then sells these designs to the intermediate goods sector that produces new capital goods for the final output sector.
The final output sector produces single consumption goods by using physical and between patent stock and aggregate output. They also find that the foreign knowledge stock has a negative effect on ideas production function. 
where A is the knowledge stock and H A is human capital employed in the R&D sector.
The assumption that innovation is linear in knowledge stock is crucial for the longterm growth rate of output. Models in the form of (2), where innovation has unit elasticity with respect to both knowledge stock and human capital in the R&D sectors, yield a steady state growth rate that depends on the level of population. However, the scale effect of these models has been rejected by Jones (1995b) and many other studies. A modified version of equation (2), which removes the scale effect while F o r P e e r R e v i e w 7 retaining the long-term growth prediction, was developed by Howitt (1998), Young (1998) and Dinopoulas and Thompson (2000) :
where A & , A, H, and L are technological innovation, knowledge stock, human capital in the R&D sectors and labour force, respectively; ψ measures instantaneous returns to scale in knowledge creation and γ is equal to λ/k ψ >0, where k is a constant. This specification of the innovation function leads to a balanced growth rate of per capita output that depends on the saving rate of physical and human capital as well as the growth rate of population. Equation (3) takes into account the opposite effects of an increase in population on the rate of innovation. On the one hand, an increase in the growth rate of population increases the rate of innovation, by increasing the human capital in the R&D sector, expanding the market for intermediate capital goods, raising the present value of the flow of profits and making investment in capital goods designs more attractive. On the other hand, more rapid population growth reduces the capital output ratio, and increases the interest rate through the standard neo-classical 4 Equation (3) is based on Dinopoulos and Thompson (2000) . The only difference between the innovation function in Dinopoulos and Thompson (2000) and Aghion and Howitt (1998) and Young (1998) is that DT uses the ratio of human capital to population, while Y/AH uses the GDP share of R&D investment.
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Editorial Office, Dept of Economics, Warwick University, Coventry CV4 7AL, UK 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60   F  o  r  P  e  e  r  R  e  v  i  e  w   8 mechanism, which is a deterrent to knowledge creation. In addition, a large number of people means more competition for the creation of similar ideas, making it more difficult to innovate, Jones (1995a) . Therefore, the final effect of an increase in population on innovation depends on which of these opposing effects are dominant.
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After describing the data in the next section, in section four, we estimate equation (1) and (3) to examine the predictions of the non-scale endogenous growth models for OECD and non-OECD countries.
III. DESCRIPTION OF THE DATA
The data cover patent applications, full time equivalent (FTE) researchers devoted to R&D sectors and other macroeconomic data. Patent data are obtained from the NBER patent citations database developed by Hall, Jaffe and Trajtenberg (2001 The DT model shown in equation (3) has been criticised on the grounds that it is not consistent with the micro foundations of R/GH/AH models, which implies that new ideas are discovered by individuals and therefore they depend inherently on the number of people. However, several authors including Young (1998) and Aghion and Howitt (1998) , developed micro foundations for equations similar to (3).
They point out that, at the sector level, innovation rate still depends on the number of human capital, like R/GH/AH, but at the macro level, the research efforts need to be distributed over different products whose demand increases with population. Kortum (1993) . The main drawbacks of using patent data to measure innovation include the variation in the intrinsic value of patents and the inability of patents to capture the whole range of innovations given that not all inventions are patented nor do all patents become successful innovations. However, as Comanor and Scherer (1969) and Griliches (1990 Griliches ( , 1994 ) document in detail, in spite of these shortcomings, patent data still provide significant information on innovation.
Diagnostic tests of the data for unit root, heteroskedasticity and first order autocorrelation show that the series do not have unit root and heteroskedasticity in the majority of the countries, though they exhibit first order autocorrelation. 9 Throughout the analysis, the first order autocorrelation problem has been taken into account by using the first difference series. To determine the cross-country patterns of the main variables of the endogenous growth theories before the estimation of the model, we rank the OECD and non-OECD countries by their aggregate and per capita levels of GDP, patents and full time equivalent researchers. The rankings for per capita levels of these variables are reported in Tables 1 and 2 . As these tables show, both in the OECD and non-OECD countries, on average, countries with higher (lower) per capita output also tend to have higher (lower) per capita patents and the share of researchers in 9 See appendix II, Tables 1A through 4A for the results of the diagnostic tests. The panel data unit root test used in this paper is proposed by Levin, Lin and Chu (2002) . Tables 3 and 4 . Similar to the figures reported in the preceding tables, the number of patents and the full time equivalent researchers appear to be positively correlated with the GDP levels of countries.
Motivated by the results reported in Tables 1 through 4 , we conducted the empirical analysis separately for the high and low income, and large and small market OECD and non-OECD countries. 10 In particular, as the figures in Tables 1 to 4 Tables 1 and 2 , and then referring to the countries above (below) the median as high (low) income sample. 12 The large and small market samples have been constructed in a similar manner using the rankings for the aggregate GDP reported in Tables 3 and 4. 10 Market size is measured by the level of aggregate GDP.
11 Our presumption that the regression analysis for separate samples yields more robust results than the regression analysis for whole sample is also confirmed by the chow test. 12 We dropped only one median country from the rankings of the non-OECD country groups when constructing the samples as the non-OECD sample includes fewer countries.
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IV. EMPIRICAL ANALYSIS
The estimations of the innovation and production functions have been carried out using the fixed effects and difference GMM analyses. The fixed effects analysis controls for the country specific factors, thus it yields consistent estimators provided that the regressors are exogenous, i.e. they are not correlated with the error term.
However, given that the growth regressions are likely to have omitted variable problem, the assumption that the regressors are not correlated with the error term might not hold in the estimation of the production function. To take into account the endogeneity problem to some extent we also employ difference generalized methods of moments (GMM) dynamic panel data estimation proposed by Arellano and Bond (1991), which yields consistent estimators in the presence of regressors that are not exogenous. The difference GMM simply estimates the first difference series by instrumenting them with their appropriate lagged levels. However, as has been pointed out by Blundell, Bond, and Windmeijer (2000) , when the series are persistent and the length of the time series data is short, the instrument matrix loses its explanatory power, causing the difference GMM to yield downward biased estimators and large standard errors.
The system GMM analysis proposed by Blundell and Bond (1998) substantially improves upon the difference GMM when the sample size is small and the series are persistent. However, because the system GMM uses a very large instrument matrix, the number of the cross sectional units needs to be sufficiently high for the results to Alvarez and Arellano (2003) . 13 Because we have only 41 countries in our data, it was not possible to obtain reliable results with the system GMM estimation. Therefore, we used fixed effects and difference GMM estimations.
As mentioned above, in the presence of endogeneity, the fixed effects estimators could be upward biased while the difference GMM yields consistent estimators. However, the estimators of the difference GMM could be downward biased when the series are persistent and the sample size is small. Thus, using these two techniques allows us to check the reliability of our findings and to judge on the pertinence of these two methods. Although our results are not sensitive to the outliers, we still removed them using a standard procedure embodied in STATA. 14 All regressions include the year dummies to control for time specific factors.
Estimation of the Innovation Function
The regression model for the innovation function is constructed by taking the natural log of equation (3) in section II, and including the control variables and the time fixed effects in the model:
13 Alvarez and Arellano (2003) show that the number of instruments should be lower than the number of cross sectional units for the results of the system GMM estimations to be robust. Otherwise, the system GMM estimators are biased towards those of the OLS.
14 This procedure, referred to as "hadimvo" in STATA, is developed by Hadi (1992 Hadi ( , 1994 . The results are not sensitive to the outliers. 
where A & , A and H A /L are technological innovation, knowledge stock and the ratio of human capital engaged in R&D to total labour force, respectively. Z is a matrix of control variables; μ is time fixed effects and ε is regression residuals. We measure A & by patent flows as suggested by Kortum (1993) , and H A /L by the fraction of the full time equivalent researchers devoted to R&D in labour force. The effect of knowledge stock, A, on patent flows has been taken into account by including the lagged patent flows in the analysis. Here it is assumed that the patent flows not only contribute to innovation but also create a knowledge pool for future inventions.
The control variables include the gross ratio of the secondary school enrolment to the population of the secondary school age group, the U.S. trade share of GDP, and an interacted term of manufacturing imports and full time equivalent researchers. The secondary school enrolment rate is a proxy for the overall human capital capacity of a country; the U.S. trade share of GDP measures the technology spillovers from the U.S. and controls for the effect of countries' economic alliance with the U.S on their patent applications to the U.S. Patent Office; and the interacted term of manufacturing imports and full time equivalent researchers engaged in R&D capture the technology spillovers across countries. A positive sign on the coefficient of the interacted term indicates that the higher the imports of the manufacturing goods of a country are, the higher the effect will be of an increase in the number of researchers on innovation. The results of the fixed effects analysis are reported in Table 6 . As observed from the table, the first lag of patent flows is positive in the majority of the samples, while the share of researchers in labour significant only in the full and large market OECD samples. 15 The effect of a 1% increase in the fraction of researchers in labour on patent flows is 0.23% in the full and 0.15% in the large market OECD sample. The remaining variables of the model are not significant in the majority of the samples except that knowledge spillovers and the U.S. trade share of GDP are significant in the large market OECD sample only. In particular, a 1% increase in knowledge spillovers and the U.S. trade share of GDP is associated with a 0.08% and 0.09% increase in patent flows, respectively. To check the robustness of the fixed effects results, we also report the findings of the difference GMM in Table 7 . As the table shows, the main difference between the fixed effects and difference GMM results is that in the latter the coefficient of the share of researchers in labour is not significant in the full sample, while it is significant in the large market and high income OECD countries. However, because the p value of the sargan test for the high income sample is very low, the regression model of this sample does not yield robust results. Thus only the large market OECD sample remains to have positive returns to their researchers in terms of innovation. In this sample, a 1% increase in the fraction of researchers in labour leads to a 0.20% increase in patent flows, providing support for non-scale endogenous growth models.
15 See Table 5 for the list of the countries in each sample. As regards to the other variables of the model, the first lag of patent flows and knowledge spillovers are significant in the large market OECD sample only, implying that only these countries are able to utilize the intertemporal and cross-country knowledge spillovers to increase innovation. In addition, the U.S. trade share of GDP is not significant in any of the samples, while the secondary school enrolment is significant only in the high income OECD sample. 16 The fact that the U.S. trade share of GDP is not significant in any of the samples implies that there are not significant knowledge spillovers from the U.S. to other OECD countries. It also suggests that a closer economic alliance with the U.S. does not have a significant effect on patent applications made in the U.S. Furthermore, the secondary school enrolment does not seem to be a satisfactory proxy for the overall human capital capacity of countries,
given that it is not significant in the majority of the samples.
In summary, we can conclude that the large market OECD countries that include the G7 verify the prediction of the non-scale endogenous growth models that an increase in the fraction of researchers in labour promotes innovation. They also effectively utilize the intertemporal and cross-country knowledge spillovers to increase their innovation. It is not surprising that only these countries are able to have significant returns to their researchers and absorb knowledge spillovers better, given that they allocate larger resources to R&D and innovative activities than other OECD countries.
16 Although the coefficient of the lagged patent flows is also positive in the full OECD sample, the regression model for this sample does not have an explanatory power, as indicated by the low p value of the sargan test. 
Estimation of the Production Function
The regression model of the production function is derived from equation (1) 
where y, A, x, h , z and μ are per labour output, technological innovation measured by patent flows, per labour physical investment, the secondary school enrolment rate, openness to trade and time fixed effects, respectively. The results of the fixed effects and GMM estimations for OECD and non-OECD samples are reported in Tables 8   through 12. 18
As observed from Table 8 that reports the fixed effects results for OECD samples, per labour investment has a positive coefficient in all samples, with a value ranging from 0.22 in the high income and 0.52 in the large market OECD countries. However, the 17 The production function has been scaled by the labour series, instead of population, to eliminate the multicollinearity problem arising from a high correlation between investment and labour.
18 See Table 5 for the list of the countries in each sample. increase in the secondary school enrolment rate leads to a 0.19% increase in per labour GDP in the high income OECD, while it leads to a 0.10% increase in the full and low income OECD countries.
The findings of difference GMM reported in Table 9 The findings also suggest that the majority of the OECD samples enjoy higher per labour GDP as a result of higher degree of trade liberalization, and per labour investment is an important determinant of per labour GDP in all samples.
The estimation results of the production function for the non-OECD countries are reported in Tables 11and 12. The fixed effects results (Table 11) in the full, high income and low income non-OECD countries, while it is negative in the small market, and insignificant in the large market non-OECD countries (though it has a high t value).
The difference GMM analysis appears to improve upon the fixed effects results. As observed in Table 12 , per labour investment still has a positive impact on per labour GDP in all samples. Similar to the fixed effects results, the highest impact of per labour investment on per labour GDP is in the large market (0.35), while its lowest impact is in the small market non-OECD countries (0.11). As expected, the magnitudes of these impacts are lower in the GMM than in the fixed effects analysis.
Interestingly, all samples of the non-OECD countries, except for the low income countries, have positive returns to their patent flows. Specifically, a 1% increase in patent flows leads to a 0.08% increase in the high income and around 0.02% increase in the large and small market non-OECD samples. 20 Moreover, a higher degree of openness to trade is positively associated with per labour GDP only in the high and low income non-OECD countries, while the effect of an increase in secondary school enrolment rate is positive only in the large market and high income non-OECD countries. 20 The results for the full sample are disregarded here as the regression model for this sample does not have an explanatory power as indicated by the low p value of the sargan test. The fact that the high income countries have the highest returns to their innovation with respect to per labour GDP implies that, on average, the economic value of patents might be higher in high income countries compared to others. It also suggests that the way in which high income countries utilize new information and innovation in the production process might be different from other countries. Considering that the innovation activities are resource intensive and upgrading production process for new technology is an expensive process, it is not surprising that the high income countries have the largest returns to their innovation in terms of per labour GDP. The remaining variables of the production function also seem to confirm the theoretical expectations.
In particular, the contribution of per labour investment to per labour GDP is very significant in all samples, and the higher degree of openness to trade seems to be 
V. CONCLUSION
The objective of this paper was to analyze the main implications of the non-scale endogenous growth theories using panel data from both developed and developing countries. In particular, we examined the following two implications of these models:
an increase in the fraction of researchers in total labour force leads to an increase in innovation, and an increase in innovation raises per capita output. Our findings show that an increase in the share of researchers in labour has a positive effect on innovation only in the large market OECD countries that include the G7. The fact that this result is robust to different regression techniques indicates that the market size, holding other things constant, is an important determinant of the effectiveness of R&D sectors in promoting innovation. However, we should also note that the large market OECD countries include the most industrialized countries that have high per capita incomes and established institutions, which are fundamental in promoting R&D sectors and achieving high level of technological innovation. Furthermore, historically, the large market OECD countries, the G7 in particular, have highly competitive R&D sectors and have been the world leaders in technological innovation. The findings also suggest that the developing countries benefit more from innovation than developed countries in promoting per labour GDP. In particular, according to the results of the analyses, innovation raises per labour GDP in the high income OECD countries only, while raising it in all non-OECD countries, except for the low income countries. In addition, the high income non-OECD countries have higher returns to their innovation in terms of per labour GDP than the high income OECD countries. As expected, a higher degree of openness to trade is associated with higher per labour GDP in the majority of the OECD and non-OECD countries. However, the effect of secondary school enrolment rate on innovation and per labour GDP seems to be insignificant in most of the samples.
Overall, the results of our empirical analysis lend strong support to non-scale endogenous growth models. However, a main limitation of this study is that the patent applications used in the analysis include only the applications made in the U.S. Patent
Office. Though the U.S. patent data have many advantages over the patent data that can be obtained from each country's patent offices, such as the standardization and the reliability of data, they might underestimate the propensity to patent, especially in the non-OECD countries. This study, therefore, can be extended to include case studies for developing countries that utilise sector level patent and R&D data, given that the aggregate data on patents are not reliable in these countries and the majority of these countries do not have aggregate R&D data. We should also not that the patents are only a limited proxy for technological innovation, as not all inventions are patented and not all patented inventions become innovation. However, in spite of these 
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